We present an automatic 3D city model of dense urban areas from HR satellite data. The proposed method is developed using a structural approach: we construct complex buildings by merging simple parametric models with rectangular ground footprint. To do so, an automatic building extraction method based on marked point processes is used to provide rectangular building footprints. A collection of 3D parametric models is defined in order to be fixed onto these building footprints. A Bayesian framework including both prior knowledge of models and their interactions, and a likelihood fitting them to the Digital Elevation Model, is then used. A simulated annealing scheme allows to find the configuration which maximizes the posterior density of the Bayesian expression.
INTRODUCTION
For the last decade, the automatic 3D reconstruction of urban areas has become a topic of interest. Faced with the urbanization development, 3D-models with connected planar facets are used in various applications such as the computing of electromagnetic wave propagation or the creation of virtual realities. Several automatic methods giving satisfactory results, such as perceptual organization [1] , parametric models [2] or polyhedral approach [3] , have been developed using aerial images. Nowadays, this problem is tackled by another kind of data: the submetric satellite images. The main advantages of satellite data compared to aerial images are a high swath width and ground coverage. However, such data have a "relatively low" resolution and a "low" signal to noise ratio to deal with 3D reconstruction problems. For example, our satellite data have 4 pixels per square meter contrary to aerial data used in [3] which have about 140 pixels per square meter. Those drawbacks do not allow to robustly use standard methods developed for the aerial image case. The main alternative consists in proposing methods based on an important prior knowledge concerning urban structures. An automatic building extraction method [4] based on marked point processes is used to provide rectangular building footprints. It consists in extracting the building outlines through a configuration of rectangles from Digital Elevation Models (DEM) which are altimetric descriptions of urban areas. Figure 1 shows the result using a DEM provided from multiple stereo pairs (3-views) of PLEIADES simulations (0.5 meter resolution -B/H=0.2) by the French Geographic Institute (IGN) and computed by an algorithm based on [5] .
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Choice of the model collection
It is composed of 13 models which are parametrically simple and al-
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Ml respectively. More details about these models are available in [7] .
DENSITY FORMULATION
Let us consider the measurable space (I, B (1), tu(.)) associated to the measure tu(.) (see [7] for a detailed description of tu(.)). We consider the random variable e) distributed in T which follows an unnormalized density h(.) against tu(.). h(.) is actually the posterior density of a configuration 0 of models, given D. In a Bayesian framework, this density can be obtained as follows:
A requirement is to be able to build both a prior density hp (0) and a likelihood L(DI0). In the following, these two terms are detailed.
Likelihood
Let us consider Di, the partial data of rectangle i defined as D = UiEC Di. L(Di 0i) represents the probability of observing Di knowing the object 0i. By considering the hypothesis of conditional independence (it means we disregard the overlapping of rectangles), the likelihood can be expressed as: So, the likelihood is linked to the Z-error of the L1 norm between the DEM and the parametric modeling defined by the configuration 0. The L1 norm is preferred to the L2 norm since the DEM is neither exact nor accurate. The L2 norm is too sensitive to the DEM errors.
Prior density
The prior term allows to favor some configurations and penalize other ones. Some interactions between objects are defined thanks to a neighborhood relationship v (see Figure 3) . The existence of a (a) 
3.2.]. Getter of roof height adjustment
The getter of roof heights of buildings are dependent on neighboring urban structures. It is important to define an interaction term which favors the getter of roof height alignment between neighboring rectangles. This term has to be:
* attractive for similar getter of roof heights (i.e. with a difference lower than half a floor) * repulsive for different getter of roof heights (i.e. with a difference between half a floor and one floor) * neutral for distant getter of roof heights (i.e. with a difference higher than one floor) To do so, we define the energy term Uh as follows:
where fh is a real value function specified in [7] (see Figure 4) , which depends on Wh, a positive constant potential and Hf, a constant which represents a floor height (in practice, we take Hf = 3 meters).
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OPTIMIZATION
We want to find the configuration which maximizes the density h(.). We search for the Maximum A Posteriori estimator OMAP:
This is a non convex optimization problem in a high and variable dimension space f since the models of collection M are defined by a different number of parameters. A stochastic optimization based on a Reversible Jump Markov Chain Monte Carlo method [8] [9] is well adapted to this problem. It is an optimization method derived from Markov Chain Monte Carlo techniques which allows to deal with variable dimension state spaces.
It consists in simulating a discrete Markov Chain (8t)teN on T of invariant measure 7 (specified by the density h(.)) which performs small jumps between spaces of variable dimensions. One of the main advantages of such a sampler is that the chain asymptotically converges towards 7 for all initial configuration e90. In practice, a simulated annealing is used : the density h(.) is substituted by h(.) Dt where Dt is a sequence of temperatures which tends to zero as t tends to infinity. At the beginning of the algorithm (i.e. when the temperature is high), the process is not really selective it allows to explore the density modes. When the temperature decreases, configurations which have a high density will be favored. Although a logarithmic decrease is necessary to ensure the algorithm convergence, temperature decreases geometrically in practice, in order to reduce the computing time. More details about the optimization process are available in [7] . It is important to develop an interaction which favors roof top linking up between neighboring buildings while respecting the possibility of roof top discontinuity. We propose an interaction which attracts the roof top extremities of neighboring buildings when the roof top height differs from less than a floor height (see Figure 5) . The associated energy is modeled as follows: U,(O) = Lwr dc (ei, ej) (6) 
RESULTS
In most cases, using energy models implies parameter tuning. Those parameters correspond to weights of the various energy terms Wh and wJ, which are chosen by trial and error. Figure 6 -a/c presents two examples of building 3D reconstruction associated respectively with the data (Figure 6-b) and the 3D ground truth provided by the French Geographic Institute (Figure 6-d) . The result presented in the figure 6-a is satisfactory compared to the associated data. We can see the importance of the prior knowledge through getter of roof height alignments and roof top linkings up. The proposed modeling in the figure 6-c does not allow to represent some details [7] . However, the global shape is respected and the generalization level is acceptable for satellite data. Figure 6 -e shows the result obtained from Amiens downtown DEM (see Figure 1 ). It is a satisfactory result with respect to the 3D ground truth (Figure 6-f) . The main drawback is the presence of artefacts due to a non optimal rectangle overlapping and roof top linking up impossibility in some specific places. Figure 6 -g represents the associated error map which provides three pieces of information. First, it provides the not found areas of the building extraction (in black). They correspond to low flat buildings of inner courtyards that the building extraction method [4] cannot detect. Then, we can see the false alarms of building extraction (in white -rate : 12%), mainly located around the reference building footprint (due to a "drooling" DEM on the building contours which generates wider rectangles). Finally, it provides Z-errors between the reconstruction result and the 3D ground truth (red to yellow). The corresponding Root Mean Square Error (RMSE) of common building footprints is 3.2 meters. This value is satisfactory for a fully automatic method using 2.5 meter Z-resolution DEMs on dense urban areas. Results obtained by the new method proposed in this paper show that the use of a structural approach based on a parametric model collection is well adapted to deal with satellite data in an automatic context. The obtained 3D reconstructions, and especially the roof reconstructions, are satisfactory: a majority of urban structures is close to reality. The proposed prior knowledge allows to compensate for the low quality of data. However, the main drawback is the presence of artefacts due to a non optimal rectangle overlapping and roof top linking up impossibility at some locations. A solution would consist in using polygonal building footprints by morphing the rectangle configuration into polygon configuration. In the future, we should work on this problem.
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